Abstract-Previous work on condition monitoring of induction machines has focused on steady-state speed operation. Here, a new concept is introduced based on an analysis of transient machine currents. The technique centers around the extraction and removal of the fundamental component of the current and analyzing the residual current using wavelets. Test results of induction machines operating both as a motor and a generator shows the ability of the algorithm to detect broken rotor bars.
I. INTRODUCTION
T HE most widely used methods of induction machine condition monitoring utilize the steady-state spectral components of the stator. These spectral components include voltage, current, and power and are used to detect broken rotor bars, bearing failures, and air gap eccentricity. The accuracy of these techniques depends on the loading of the machine, the signal-tonoise ratio (SNR) of the spectral components being examined, and the ability to maintain a constant speed so as to allow for the operation of the algorithm.
Broken rotor bars can be detected by monitoring the stator current spectral components [1] - [4] , as identified by (1) (1) where are the frequencies of sidebands due to broken rotor bars, is the stator fundamental frequency, and is the per-unit slip.
The presence of broken rotor bars is indicated by an amplitude difference of less than 50 dB between the fundamental frequency and the left sideband as shown in Figs. 1 and 2.
This method of broken rotor bar detection is based on the following assumptions.
• The speed of the machine is constant and known.
•
The stator fundamental frequency is constant.
The load is constant.
The machine is sufficiently loaded in order to separate the sidebands from the fundamental. Using these assumptions and the Fourier transform, a frequency spectrum of the stator current is examined. The sideband frequencies are identified since the slip is known and assumed to be constant. The amplitude of the fundamental is then compared to that of the identified sidebands [5] - [9] .
The Fourier transform shows an averaged frequency distribution, averaged amplitude and there is no time representation. Fluctuations in the instantaneous frequency and amplitude as a result of machine operation or loading effects are averaged out. It has been shown in [10] that loading conditions, which 0885-8969/$20.00 © 2005 IEEE cause these fluctuations, can produce the same frequencies associated with broken rotor bars and, therefore, make detection ambiguous. Accurate detection under transient conditions therefore cannot be easily accomplished using the Fourier transform. A detection method that utilizes time information is needed to discriminate between rotor bar frequencies and loading effects.
A disadvantage of the assumption of steady-state speed in condition monitoring is that there are many applications where constant speed is not achieved (e.g., in wind generation or motor operated valves). In addition, the steady-state algorithms focus only on low slips while improved detection can be made at high slips.
A challenge of transient analysis is the difficulty in trying to analyze the complex current transients. It consists of a nonstationary fundamental frequency as well as nonstationary frequencies associated with the rotor bars. The rotor bar frequencies change with the machine slip as do the phase and amplitude of the fundamental component. A notch filter cannot be used to separate these frequencies since it introduces a phase shift during the transient state. A filter that actively tracks the changing amplitude, phase, and frequency is needed to extract the fundamental from the transient [11] . Once the fundamental frequency has been removed, the residual transient current can be examined using wavelets [12] , [13] .
II. EXTRACTION OF THE NONSTATIONARY FUNDAMENTAL COMPONENT
Information about the broken rotor bars is embedded within the transient current signal. This information is largely overshadowed by the presence of the strong fundamental component which is a nonstationary sinusoidal signal due to the parameter changes during the transient. In order to enhance the efficiency of the wavelet analysis of the information-carrying signal, elimination of the fundamental component prior to wavelet analysis is proposed.
This task essentially entails extraction and subsequent subtraction of a nonstationary sinusoid from a given input signal. This section presents the adaptive algorithm employed for this task and some of its properties.
Consider a signal consisting of a sinusoid and additional signals of unknown frequency composition and expressed by where represents the totality of the additional signal, and are potentially time-varying amplitude and frequency of the sine wave, respectively, and is the constant phase of the sinusoid. The total phase of the sine wave is . If time-variations are sufficiently slow, parameters , , and are constant values , , and within any short-time interval; otherwise, they are functions of time.
Least squares errors between the input signal and the sinusoidal signal embedded in may be minimized using the gradient descent method. The result is the following set of nonlinear differential equations to govern the dynamics of a signal processing algorithm aimed at extracting the potentially nonstationary sinusoidal signal embedded in without any assumption on the composition of the additional signal
The dot on top () represents the differentiation with respect to time. The error signal represents the difference between the input signal and the extracted sinusoid, that is (5) In the context of the present work, the error signal is the information-carrying signal which will be analyzed by the wavelet transform to yield information about broken bars. Parameters , , and are positive numbers which determine the speed of the algorithm in the estimation process as well as in tracking variations in the characteristics of the input signal over time. A more detailed presentation of the algorithm may be found in [13] where it has been shown that the algorithm exhibits adaptive nature. The mathematical proofs of the stability and convergence of the dynamical system (2)-(5) are presented in [14] . Matlab Simulink™ computational software is employed to present the performance of the algorithm. A pure sinusoid with unit amplitude, of frequency , and random constant phase is input to the algorithm. The initial conditions are chosen as , , and . Fig. 3 shows the performance of the algorithm in convergence to the periodic orbit ( , , ) associated with the input sinusoid.
For easy visualization, the flow of the dynamics is presented in a Cartesian coordinate system in which the axes are , , . The periodic orbit, therefore, is depicted by a circle which is set off the horizontal plane at a vertical distance equal to the value of frequency. It is clear that the algorithm converges in a few cycles to the periodic orbit associated with the input sinusoid. The values of the parameters are chosen as ; ;
:02: Fig. 4 shows the performance of the algorithm in the estimation of the amplitude and phase of the fundamental component of a distorted sinusoid. The values of the parameters remain the same as before in this simulation. The distortion in this case is of a harmonic form with 30% of the third and 10% of the tenth harmonic. It is observed that the amplitude and phase of the fundamental component are estimated almost within two cycles. Unlike the discrete Fourier transform-based algorithms in which only estimates of the amplitude and constant phase are computed, the fundamental component itself and, therefore, the totality of the superimposed components (i.e., ), are instantly generated and are available in real time. This is due to the fact that the algorithm generates the total phase rather than .
The algorithm seeks the fundamental component of the input signal. After a transient period of a few cycles, any variation is detected in virtually no time. Fig. 5 shows the performance of the algorithm in the detection of a disturbance. As observed, once the algorithm extracts the fundamental component (dashed line), the superimposed component (dotted line) is instantly detected. This example shows the capability of the algorithm in separating the fundamental from other components present in the input signal. The algorithm is fully adaptive in tracking timevariations in the characteristics of the input signal such as the amplitude, phase, and frequency of the fundamental component. Most important, the algorithm exhibits very good performance in tracking frequency variations over time. Fig. 6 shows the performance of the algorithm in estimating multiple frequency jumps when the input signal contains a sinusoid with unit amplitude and a strong white Gaussian noise resulting in an SNR of about 0 dB.
Jumps of frequency are , , , , and back. They consecutively occur at 2-s time periods. A transient time of no more than 1 s is observed for the system to catch up with these jumps in the presence of such a strong noise. The steady-state error is observed to be independent of the value of the frequency. Parameters of the system are set as , , and for this simulation.
III. EXPERIMENTAL RESULTS
The experiments were conducted using an induction machine with direct online starting as well as in generator mode. Two identical rotors, with uniform rotor bar distribution, were used in this experiment except that one had a fully broken rotor bar. The same bearings and stator were used in order to minimize their influences on the transient currents. The machine was tested under loading conditions varying from 30% to 100% to determine if this method of detection could be successful and independent of the loading conditions. It was found that the motor had a very low inertia and detection could not be done below 30% loading because the transient runup times were too short.
Before implementing the fundamental extraction algorithm, the individual line currents are transformed into a single rotating current vector. This vector was then transformed into the time domain as shown in Fig. 7 and used as an input to the extraction algorithm. The algorithm extracts the instantaneous frequency, amplitude, and phase of the nonstationary fundamental. The resulting waveform, shown in Fig. 8 , has information relating to the health of the machine including bad bearings, broken rotor bars, etc.
The extraction algorithm takes a few cycles to converge onto the amplitude and frequency of the fundamental. As a result when the estimated fundamental is subtracted from the original waveform, the algorithm's output between 0 and 0.2 s should be discarded to allow for algorithm convergence. The resulting truncated waveform is shown in Fig. 8 .
The residual current is then decomposed using the discrete wavelet transform and Daubechies 8 wavelet. By examining the first six detail scales of the discrete wavelet transform, it was found that no distinction could be made between a healthy condition and the machine with the broken rotor bar. When examining scales 7-10, it is evident that there are differences in the wavelet coefficients as show in Figs. 9-12 .
Figs. 9-12 show the differences and similarities between the decompositions of a 100% and 30% loaded motor. Two major features are observed by examining the detail level, d9, of the decompositions. The first feature found between samples 8-13 is found in both healthy and damaged conditions. The second feature found between samples 45-55 is only present in the decompositions of the damaged machine.
To investigate the effect of loading on the detection algorithm, the machine was loaded from 30% to 100% using direct online starting, and the level d9 of the decompositions were compared as shown in Figs. 13 and 14 . It is evident that the same feature difference appears throughout the loading conditions. The maximum scale needed is d9 and these results are repeatable.
The same detection methodology was applied to the machine operated as a generator. In this experiment, the generator was initially loaded to 30%. The load was increased to 100% within 3 s and the increasing transient current was captured. The extraction algorithm was used to remove the fundamental Fig. 11 . Wavelet decomposition levels d7-d10 of a 30% loaded healthy machine. Fig. 12 . Wavelet decomposition levels d7-d10 of a 30% loaded damaged machine.
frequency and the residual current was decomposed using wavelets as shown in Figs. 15-18 . The slip has not been measured in these experiments because it is not needed.
Major differences in the decompositions are observed in levels d8-d10 as shown in Fig. 19 . In the case of the healthy machine, a dominant feature is observed at samples 36-40 for level d8, 22-27 for level d9, and 15-20 of level d10.
The decomposition of the machine with the broken rotor bar is shown in Fig. 20 . The dominant features are found at samples 9-12 for levels d8-d10. When observing levels 9 and 10 for both conditions, it is evident that the features in the case of the healthy machine are found in both conditions. The features indicated in Fig. 20 are only found in the case of the machine with broken rotor bar. The presence of these features can be used to formulate diagnostic algorithms to detect the presence of broken rotor bars under transient conditions. 
IV. CONCLUSION
It has been shown that broken rotor bars can be detected by the decomposition of the startup current transient in motors as well as the transient current in wind generators. Constant speed is a not valid wind generator. Consequently, the steady-state algorithms previously developed are inadequate and the new algorithm should be used. This method has advantages over the traditional steady-state condition monitoring methods. It is not load dependent and can be effective on small lightly loaded machines. The machine does not have to be heavily loaded to make an accurate assessment of the machine's condition. There is no need for speed, torque, or vibration measurement.
There is the possibility that this method will be able to detect other faults such as end-ring faults, bearing failures, etc. These scenarios have not yet been investigated. However, we can assume that these faults will be detected since they will affect the current spectrum in a manner different to broken rotor bars, and other wavelet coefficients will be observed. The challenge is being able to distinguish which wavelet coefficients represent a particular faulted condition.
The contribution here is the ability to detect a broken rotor bar while the machine is operating in the transient. It is not aimed at the detection of a specific bar at this stage. Currently, previous knowledge of a healthy machine is needed to make a diagnosis.
Different starting methods such as Y or Delta starting should not affect the detection of broken rotor bars. These starting transients will only differ in the time duration of the starting envelope. It has been shown in the results that this method is not load dependent and, therefore, should be immune to different starting methods.
Although results presented here are unique to the machine being diagnosed, the methodology applied to extracting transient fundamental currents and analysis of the residual currents can be applied generally. This method can be used for standard induction motors as well as machines that operate predominantly in the transient (e.g., wind generators or motor-operated valves).
